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A B S T R A C T

Using imperfect tests may lead to biased estimates of disease frequency and of associations between risk factors
and disease. For instance in longitudinal udder health studies, both quarters at risk and incident intramammary
infections (IMI) can be wrongly identified, resulting in selection and misclassification bias, respectively.
Diagnostic accuracy can possibly be improved by using duplicate or triplicate samples for identifying quarters at
risk and, subsequently, incident IMI.

The objectives of this study were to evaluate the relative impact of selection and misclassification biases
resulting from IMI misclassification on measures of disease frequency (incidence) and of association with hy-
pothetical exposures. The effect of improving the sampling strategy by collecting duplicate or triplicate samples
at first or second sampling was also assessed.

Data sets from a hypothetical cohort study were simulated and analyzed based on a separate scenario for two
common mastitis pathogens representing two distinct prevailing patterns. Staphylococcus aureus, a relatively
uncommon pathogen with a low incidence, is identified with excellent sensitivity and almost perfect specificity.
Coagulase negative staphylococci (CNS) are more prevalent, with a high incidence, and with milk bacteriological
culture having fair Se but excellent Sp. The generated data sets for each scenario were emulating a longitudinal
cohort study with two milk samples collected one month apart from each quarter of a random sample of 30
cows/herd, from 100 herds, with a herd-level exposure having a known strength of association. Incidence of IMI
and measure of association with exposure (odds ratio; OR) were estimated using Markov Chain Monte Carlo
(MCMC) for each data set and using different sampling strategies (single, duplicate, triplicate samples with series
or parallel interpretation) for identifying quarters at risk and incident IMI.

For S. aureus biases were small with an observed incidence of 0.29 versus a true incidence of 0.25 IMI/100
quarter-month. In the CNS scenario, diagnostic errors in the two samples led to important selection (40 IMI/100
quarter-month) and misclassification (23 IMI/100 quarter-month) biases for estimation of IMI incidence, re-
spectively. These biases were in opposite direction and therefore the incidence measure obtained using single
sampling on both the first and second test (29 IMI/100 quarter-month) was exactly the true value.

In the S. aureus scenario the OR for association with exposure showed little bias (observed OR of 3.1 versus
true OR of 3.2). The CNS scenario revealed the presence of a large misclassification bias moving the association
towards the null value (OR of 1.7 versus true OR of 2.6). Little improvement could be brought using different
sampling strategies aiming at improving Se and/or Sp on first and/or second sampling or using a two out of three
interpretation for IMI definition.

Increasing number of samples or tests can prevent bias in some situations but efforts can be spared by holding
to a single sampling approach in others. When designing longitudinal studies, evaluating potential biases and
best sampling strategy is as critical as the choice of test.
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1. Introduction

A cohort study is the standard method to estimate the incidence of
diseases and identify their natural history, by analyzing the association
between a baseline exposure and risk of disease over the follow-up
period. A disease-free population is identified, i.e. subjects with the
outcome at baseline are excluded from the follow-up, while new, in-
cident cases of exposure are identified. Therefore, it is assumed that
prevalent and non-prevalent cases can be differentiated with no error so
that only susceptible individuals are included in the follow-up. Incident
cases are likewise supposed to be correctly identified.

However, using imperfect tests may lead to biased estimates of
disease frequency and of association with exposure. For instance in
longitudinal udder health studies in which bacteriological culture is
commonly used for diagnosis of intramammary infections (IMI), both
quarters at risk of becoming infected and, later on, incident IMI can be
wrongly identified. If the wrong classification at baseline and at follow-
up are both misclassification biases, in the former the bias resulting
from IMI misclassification could be considered a selection bias, as the
wrong (diseased) subjects are included in the cohort (Rothman et al.,
2012) while in the latter, it would be commonly defined as mis-
classification bias (Delgado-Rodriguez and Llorca, 2004). Different
methods can be used to limit or address these biases, such as study
design, improving the diagnostic procedures for identifying quarters at
risk and incident IMI, or addressing the biases analytically (McInturff
et al., 2004; Dufour et al., 2012a). Improvement of the diagnostic
procedures is commonly achieved in udder health studies by using
duplicate or triplicate samples in order to improve the sensitivity (Se)
and/or specificity (Sp) of the bacteriological cultures. With series in-
terpretation, animals are declared positive only if they test positive to
both tests, resulting in an increased Sp but decreased Se. With parallel
interpretation, a positive result in either test is sufficient to declare the
animal positive, increasing Se but decreasing Sp. Regarding test char-
acteristics for IMI diagnostic, Dohoo et al. (2011a) reported that series
interpretation of duplicate samples provided the highest Sp but lowest
Se, whereas parallel interpretation of duplicate samples resulted in the
highest Se but lowest Sp. If triplicate samples provided the best com-
bination of Se and Sp compared with a single sample, the gain in Sp was
modest and there were little or no gain in Se.

Little is known about the relative impact in cohort studies of the
selection bias resulting from misidentification of quarters at risk of
becoming infected compared to the more traditional misclassification
bias. Furthermore, the impact on measures of association of any re-
duction of this selection bias using more accurate diagnostic procedures
is unknown. With the often limited resources available for milk samples
analyses, a better understanding of the relative impact of these biases
would allow a more appropriate distribution of these resources in a
manner that would optimize the balance between cost and precision of
a study.

The objectives of this study were to evaluate the relative impact of
selection and misclassification biases resulting from IMI misclassifica-
tion on measures of disease frequency (incidence) and of association
with a hypothetical exposure. The effect of improving the sampling
strategy was also assessed.

2. Materials and methods

Data sets from a hypothetical cohort study were simulated and
analyzed based on a separate scenario for two common mastitis pa-
thogens studied in udder health researches and representing two dis-
tinct prevailing patterns, Staphylococcus aureus and coagulase negative
staphylococci (CNS). S. aureus, a relatively uncommon pathogen (pre-
valence < 5%) with a low incidence (1 NIMI/100 quarter-month), can
be identified with excellent Se (∼90%) and almost perfect Sp (> 99%,
at 100 CFU/ml) by bacteriological culture (Zadoks et al., 2001; Dohoo
et al., 2011b; Dufour et al., 2012b). Coagulase negative staphylococci

are more prevalent (10–30%), with a high incidence (∼30 NIMI/100
quarter-month), and with milk bacteriological culture having a fair Se
(∼60%) but an excellent Sp (95%, at 200 CFU/ml; Dohoo et al., 2011b;
Dufour et al., 2012a).

The generated data sets for each scenario were emulating a long-
itudinal cohort study with two milk samples collected one month apart
from each quarter of a random sample of 30 cows/herd, from 100
herds, with a herd-level exposure having a known strength of associa-
tion. The true IMI status (S1) on first milk sample collection was used to
identify quarters at risk of IMI at the beginning of the cohort, while the
second (S2) was used to identify the true outcome (acquisition of a new
IMI). A hypothetical exposure at the herd-level with known strength of
association (OR ∼ 3.0) was generated at baseline (S1). To make the
scenario more realistic, exposure was equally associated with odds of a
prevalent IMI on the first milk sample as with odds of IMI acquisition on
the second sample (as observed in Dufour et al., 2012a). Exposure was
randomly associated with the odds of eliminating an existing IMI.
Correlation of these two specific types of IMI by cow and by herd were
obtained from Dufour et al. (2012a,b) to produce realistic datasets. As
demonstrated in Dufour et al. (2012a,b), IMI incidence has a much
greater effect on IMI prevalence than the elimination rate. The para-
meters to generate these data sets are given in Table 1. For each sce-
nario, 100 data sets were generated.

Sensitivity and Sp to diagnose S. aureus and CNS were represented
as Beta distributions with the following shape parameters: (46.8, 6.09)
and (45, 30.3) for Se; and (1, i.e. uniform distribution) and (4.26, 1.17)
for Sp, for S. aureus and CNS, respectively. Analyses for each of the two
scenarios were conducted separately. On each datasets new ′S1 and ′S2
variables were generated by applying the scenario misclassification
parameters to the S1 and S2 samples. Incidence and measures of asso-
ciation with the hypothetical exposure were computed using first the ′S1
and ′S2 variables (total bias), then ′S1 and S2 (selection bias only), and
finally the S1 and ′S2 variables (misclassification bias only). If the se-
lection and misclassification biases were deemed important, the effect
of improving Se and Sp on the first and/or second sampling(s) was
assessed by applying different sampling strategies having the objective
to improve Se and/or Sp. This is commonly achieved in udder health
studies by carrying on duplicate or triplicate samplings with parallel or

Table 1
Parameters used to generate the simulated data sets (CNS: coagulase negative staphylo-
cocci).

Parameters S. aureus CNS

Exposure distribution (0–1) of the binary herd-level predictor 0.5 0.5
Exposure distribution (0–1) of the binary cow-level predictor 0.5 0.5
Exposure distribution (0–1) of the binary quarter-level

predictor
0.5 0.5

Herd-level variance for prevalence of intramammary
infection (IMI)

0.14 0.363

Cow-level variance for prevalence of IMI 2.25 0.294
Intercept for IMI prevalence; aiming at a prevalence of 2.5% −6.7
Intercept for IMI prevalence; aiming at a prevalence of 40% −2.15
odds ratio (OR) of association between herd-level variable

and IMI prevalence
3 3

Herd-level variance for incidence of IMI 0.838 0.27
Cow-level variance for incidence of IMI 2.926 0.256
Intercept for IMI incidence, aiming at an incidence of 1 IMI/

100 quarter-month
−8.3

Intercept for IMI incidence, aiming at an incidence of 30 IMI/
100 quarter-month

−2.4

OR of association between herd-level variable and IMI
incidence

3 3

Herd-level variance for elimination of IMI 0.15 0.112
Cow-level variance for elimination of IMI 2.246 0.7
Intercept for IMI persistency, aiming at 61 IMI/100 quarter-

month
−0.6

Intercept for IMI persistency, aiming at 21 IMI/100 quarter-
month

1.6
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series interpretations (Table 2):

• duplicate samples—parallel interpretation on S1 and S2;

• duplicate samples—parallel interpretation on S1 and single sample
on S2;

• duplicate samples—single sample on S1, parallel interpretation on
S2;

• duplicate samples—series interpretation on S1 and S2;

• duplicate samples—series interpretation on S1, single sample on S2;

• duplicate samples—single sample on S1, series interpretation on S2;

• duplicate samples—parallel interpretation on S1 and series inter-
pretation on S2;

• duplicate samples—series interpretation on S1 and parallel inter-
pretation on S2; and

• triplicate samples with a two out of three interpretation (on S1 and
S2).

Changes in Se and Sp resulting from these various sampling stra-
tegies investigated were based on Dohoo et al. (2011b) and educated
knowledge (Table 2). The gains or losses in Se/Sp were added/sub-
tracted to/from the original distributions for Se and Sp.

Poisson and logistic 3-level (quarters within cows within herds)
regression models were used to estimate the cluster-specific incidence
of IMI and measure of association with exposure (odds ratio; OR), re-
spectively, using Markov Chain Monte Carlo (MCMC) implemented
using the Stan modelling language (Carpenter et al., 2017) through the
rstan (Stan Development Team, 2016) interface to R (Core Team,
2015). Herd- and cow-specific random effects and standard deviations
prior distributions for both model were specified as a normal distribu-
tion (Normal(0,1)) and a Student-t distribution (stu-
dentT(3,0,10)), respectively. Each MCMC sample used four sam-
pling chains with 100 burn-in samples followed by 400 monitored
samples. Models were run under the Amazon EC2 cloud-computing

Table 2
Gain or loss in sensitivity (Se) and specificity (Sp) using different hypothetical sampling
strategies and interpretations (values added/subtracted to/from the original distributions
for Se and Sp).

Duplicate samples,
series interpretation

Duplicate samples,
parallel interpretation

Triplicate samples, out
of 3 interpretation

Se Sp Se Sp Se Sp

S. aureus −0.10 0 +0.10 0 0 0
CNS −0.25 +0.05 +0.15 −0.05 0 +0.10

Table 3
Existence of bias for measure of intramammary infection incidence (IMI/100 quarter-
month; median and 95% credible interval; 1 month interval between baseline and follow-
up).

S. aureus CNS

True incidence 0.25 [0.09–0.53] 28.94 [25.48–32.72]
Single sample, total bias 0.29 [0.12–0.63] 28.57 [24.38–32.71]
Single sample, selection bias only 0.33 [0.13–0.66] 40.69 [36.43–45.07]
Single sample, misclassification bias

only
0.22 [0.08–0.49] 22.59 [18.68–26.99]

Fig. 1. Bias assessment (a) and effect of various sampling strategies (b) on measure of intramammary infection incidence—Staphylococcus aureus (1 month interval between baseline and
follow-up).
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environment (one node with a quad-core Intel(R) Xeon(R) CPU E5-2670
v2 and Ubuntu Server 14.04 LTS 64-bit operating system). Data sets
generation and estimation procedures were compiled into an R package
available at https://github.com/dhaine/misclass.

3. Results

3.1. Incidence

For S. aureus biases were small with an observed incidence of 0.29
versus a true incidence of 0.25 IMI/100 quarter-month (Table 3,
Figs. 1a and 2a ). In the CNS scenario, diagnostic errors in the two
samples led to important selection (40 IMI/100 quarter-month) and
misclassification (23 IMI/100 quarter-month) biases for estimation of
IMI incidence, respectively. These biases were in opposite direction and
therefore the incidence measure obtained using single sampling on both
the first and second test (29 IMI/100 quarter-month) was exactly the
true value and no specific sampling strategies had to be considered
when estimating CNS IMI incidence (Table 4, Figs. 1b and 2b).

3.2. Association

In the S. aureus scenario the OR for association with exposure

Fig. 2. Bias assessment (a) and effect of various sampling strategies (b) on measure of intramammary infection incidence—CNS (1 month interval between baseline and follow-up).

Table 4
Effect of sampling strategy on estimated measure of intramammary infection incidence
(IMI/100 quarter/month; median and 95% credible interval. S1: first sample; S2: second
sample; 1 month interval between the two).

S. aureus CNS

True incidence 0.25 [0.09–0.53] 28.94 [25.48–32.72]
Duplicate samples, parallel

interpretation on S1 and S2
0.26 [0.10–0.56] 35.93 [32.50–39.62]

Duplicate samples, parallel on S1 and
single on S2

0.24 [0.09–0.53] 27.05 [23.35–30.38]

Duplicate samples, parallel on S2,
single on S1

0.32 [0.13–0.66] 37.81 [33.97–42.13]

Duplicate samples, series on S1 and S2 0.33 [0.13–0.66] 16.61 [11.62–21.81]
Duplicate samples, series on S1, single

on S2
0.36 [0.16–0.71] 30.72 [25.78–35.43]

Duplicate samples, series on S2, single
on S1

0.27 [0.10–0.60] 15.25 [10.94–19.96]

Duplicate samples, parallel on S1 and
series on S2

0.22 [0.07–0.51] 14.34 [10.36–18.05]

Duplicate samples, series on S1 and
parallel on S2

0.39 [0.17–0.76] 40.27 [35.75–45.25]

Triplicate samples (on S1 and S2) 0.29 [0.12–0.60] 23.58 [19.51–27.73]

Table 5
Existence of bias for measure of association between exposure and probability of incident
intramammary infection (odds ratio; median and 95% credible interval; 1 month interval
between baseline and follow-up).

S. aureus CNS

True association 3.18 [1.31–8.55] 2.58 [1.89–3.55]
Single sample, total bias 3.11 [1.40–7.75] 1.72 [1.44–2.10]
Single sample, selection bias only 3.16 [1.44–7.61] 2.66 [2.10–3.41]
Single sample, misclassification bias only 3.14 [1.26–8.73] 1.70 [1.34–2.14]
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showed little bias (observed OR of 3.1 versus true OR of 3.2) (Table 5
and Fig. 3). Therefore no particular sampling strategy was considered.
The CNS scenario, however, revealed the presence of a large mis-
classification bias moving the association towards the null value (OR of
1.7 versus true OR of 2.6) (Fig. 4a). Little improvement could be
brought using different sampling strategies aiming at improving Se
and/or Sp on first and/or second sampling and using a two out of three
interpretation for IMI definition (Table 6 and Fig. 4b). This last strategy

only moved the measure of association to an OR of 2.0.

4. Discussion

With the scenarios studied, our results indicated that selection and
misclassification biases of a low prevalent and incident disease, diag-
nosed with high Se and most importantly with close to perfect Sp, are
minimal and do not require specific sampling strategies to improve unit
at risk nor case identification. On the other hand, when investigating a
highly prevalent and incident disease, diagnosed with an average Se
and high Sp, a bias toward the null would be observed for measure of
association with exposure and this bias could not be controlled by
modulating the sampling strategy.

Fig. 3. Bias assessment for measure of intramammary infection
association—Staphylococcus aureus (1 month interval between baseline and follow-up).

Fig. 4. Bias assessment (a) and effect of various sampling strategies (b) on measure of intramammary infection association—CNS (1 month interval between baseline and follow-up).

Table 6
Effect of sampling strategy on measure of association between exposure and probability of
incident intramammary infection (odds ratio; median and 95% credible interval. S1: first
sample; S2: second sample; 1 month interval between the two).

CNS

True association 2.58 [1.89–3.55]
Duplicate samples, parallel interpretation on S1 and S2 1.75 [1.46–2.19]
Duplicate samples, parallel on S1 and single on S2 1.73 [1.42–2.15]
Duplicate samples, parallel on S2, single on S1 1.76 [1.47–2.16]
Duplicate samples, series on S1 and S2 1.61 [1.30–1.96]
Duplicate samples, series on S1, single on S2 1.69 [1.42–2.05]
Duplicate samples, series on S2, single on S1 1.68 [1.34–2.08]
Duplicate samples, parallel on S1 and series on S2 1.68 [1.32–2.12]
Duplicate samples, series on S1 and parallel on S2 1.74 [1.46–2.15]
Triplicate samples (on S1 and S2) 2.04 [1.66–2.54]
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Many studies have looked into the effect of misclassification into
statistical inferences, including biased prevalence and incidence rate
estimates (Rogan and Gladen, 1978; Quade et al., 1980) and biased
relative risk estimates (Barron, 1977; Greenland, 1980). Nondifferential
misclassification of disease leads in general to bias toward null in the
estimated associations as well as reduced statistical efficiency (Bross,
1954; Barron, 1977; Copeland et al., 1977). This bias depends mainly
on the Sp of the test used for rare diseases (Copeland et al., 1977). If Sp
of the test is perfect, then bias is absent (Poole, 1985). The effect of
misclassification of disease at baseline to calculate incidence has less
frequently been considered. In longitudinal studies, the nondifferential
misclassification of disease at baseline, especially imperfect sensitivity,
can lead to over- or under-estimation of the observed cumulative in-
cidence risk ratios (Pekkanen et al., 2006). This bias can be significant
for disease with a low true incidence, a high true prevalence, a sub-
stantial disease duration (i.e. as long as the interval between first and
second test), and a poor test Se. To minimize bias, disease subjects at
baseline should be excluded from the cohort based on a highly sensitive
test (Pekkanen and Sunyer, 2008). Case identification during the
follow-up period should use a highly specific test having a high positive
predictive value (Brenner and Gefeller, 1993). While these re-
commendations are still valid and should be followed, we have shown
that a more prevalent and incident disease diagnosed with an imperfect
sensitivity and/or specificity will give biased measure of association
despite attempts to improve its diagnosis.

The direction and magnitude of biases affecting incidence and as-
sociation measures are hardly predictable. We provide an R package
(https://github.com/dhaine/misclass) that allow the udder health re-
searcher to estimate the potential biases that would be present in his/
her study according to pathogen, population, and test characteristics.
Improvement in Se and/or Sp of the tests can also be assessed with the
package to the help the design and planning of the study. Therefore,
researchers can evaluate the impact of adding additional samplings
with various tests interpretations or of using a different test with dif-
ferent accuracy. As we have shown here with CNS, testing more or
using more expensive tests may be of little or no use in terms of re-
ducing bias. It is then necessary to correct the bias into the analytic
stage, for instance by incorporating the Se and Sp of the test in the
modelling strategy (Magder and Hugues, 1997). The uncertainty in the
estimates can be included in a Bayesian analysis in the form of prior
distributions (McInturff et al., 2004). A latent class model (Hui and
Walter, 1980) would therefore return the posterior inference on re-
gression parameters and the Se and Sp of both tests.

In this study we are reporting cluster-specific estimates and not the
marginal, population-average ones, which would be smaller and less
spread out, without suggesting any bias. However, for population-
average parameters to be more than 10% lower than the cluster-specific
parameters, cluster variance would have to be greater than 0.68 (Dohoo
et al., 2009), which would only be the case for S. aureus. As the purpose
was on the comparisons between the various sampling strategies and
not on inference of results about a population, cluster-specific estimates
were used to save computing time.

5. Conclusion

Increasing number of samples or tests can prevent bias in some si-
tuations, but efforts can be spared by holding to a single sampling ap-
proach in others. When designing longitudinal studies, evaluating po-
tential biases and best sampling strategy is as critical as the choice of
test. An R package was developed for such appraisal. Correcting re-
maining biases using analytical methods can complement choice of a
good sampling strategy.
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